Abstract-Chemotherapeutic
I. INTRODUCTION
Cancer describes a heterogeneous group of diseases characterized by the ability of cells to sustain chronic proliferation (tumor growth) and invasion of other tissues (metastasis) [1, 2, 3] . Normal cells carefully control their progression through the cell cycle, ensuring a normal tissue architecture and function. In contrast, cancer cells deregulate the signals that control cell cycle, losing its normal function and acquiring the traits that enable them to become pathogenic [1] .
The hallmarks of cancer are functional capabilities that allow cancer cells to survive, proliferate and disseminate [1] . Despite all the progress in the understanding of cancers, the complexity and diversity of all the cellular processes involved as well as the adaptive and evasive strategies developed by cancers under attack, have hampered our ability to develop curative therapies. Therefore, scientific effort will have to continue to better understand cancers and to explore different treatment strategies [2] .
Chemotherapeutic drugs, which interfere with cancer cells metabolism, have been used as important strategies in cancer treatment. However, as soon as these drugs were used in clinical practice, resistant tumors arose, especially in relapsing and progressive disease [4] . The mechanisms underlying chemotherapy resistance are diverse: drug inactivation, detoxifying systems, membrane transport proteins changes, differential expression of proteins, activation of DNA repair systems, loss of tumor suppressor systems, among others [4, 5] ; and chemotherapy resistance seems to be intrinsic to the early steps of the pathway for full malignant transformation of cancer cells [4] .
Cisplatin (cis-diammine-dichloro-platinumII-CDDP) is one of the most potent chemotherapies known [5] [6] [7] [8] [9] [10] . The initial response rate to cisplatin-based chemotherapy is high, although it is not lasting durable, due to the emergence of cisplatinresistant tumors, which are cross-resistant to diverse unrelated antitumor drugs, complicating thereby the treatment of these patients [5, 6] . The cytotoxicity of CDDP and other platinating agents is mediated mainly by their interaction with DNA to form DNA adducts (nuclear and mitochondrial), which activate several signal transduction pathways and culminate in apoptosis [5] [6] [7] [8] [9] [10] . Nevertheless, DNA damage-mediated apoptotic signals can be attenuated, and the resistance that ensues is a major limitation of CDDP-based chemotherapy [5, 6] .
The mechanism that promotes CDDP-chemoresistance seems to be multifactorial. They may include inhibition of drug intake, increased drug efflux, increased inactivation by thiolcontaining molecules (GSH increase and metallothioneins), increased xenobiotic detoxification, increased DNA damage repair, inhibition of proapoptotic pathways and increased tolerance to DNA damage (frequently by p53 dysfunction); furthermore, a combination of the above is usually observed in chemoresistant cells [5] [6] [7] [8] [9] . More recently, epigenetic changes, deregulation of miRNA expression, and activation of EMT pathway have been also involved in CDDP-chemoresistance [8] [9] [10] .
During the last years, a high number of high-content/highthroughput studies have analyzed the complex problem of CDDP-resistance, as reviewed in [10] . Reference [10] reports studies that examined genomic, transcriptomic, methylomic and proteomic data and their correlation with CDDPresistance; [10] also reports studies of large-scale silencing approaches and functional screenings to determine whether the inhibition of specific proteins alters CDDP-sensitivity; and additionally, [10] reports studies that assessed whether particular (or combinations) of SNPs are associated with CDDP-sensitivity. However, the need to explore and determine the networks regulating the phenotype of sensitive and chemoresistant cancer cells remains. This is especially true for the transcription factors-miRNAs interactions (TFs-miRNAs) [11] , described as potentially key regulatory nodes of the network. This could make them therapeutic targets to revert chemoresistance.
The aim of this work, through an integrative Systems Biology approach, was to optimize an in silico model of TFsmiRNAs gene expression regulatory network of a group of target genes deregulated in CDDP-resistant cancer cells. By identifying modules of co-expressed networks associated with miRNAs, we expect further understanding of chemoresistant phenotype in cancer cell lines.
II. METHODOLOGY

A. Target gene selection for model construction
Selection of target genes for construction of the gene expression regulatory network of CDDP-resistance was performed using information from cancer cell line studies from our collaborators at the Özgür Sahin Laboratory, Bilkent University, Turkey (http://ozgursahinlab.com/). DNA copy number and transcriptomic analysis (RNA-microarray) of two CDDP-resistant breast cancer cell lines (HCC1937 = HC and MDA-MB-436 = MD) were performed, and results were compared with the expected relation function exp = log2(DNAratio), where exp represents the expected gene expression level (log2_change) and DNA-ratio is the DNA copy-number-ratio between CDDP-resistant and CDDP-sensitive cell lines. The genes where the function exp was properly calculated, were considered targets and used in the construction of gene expression regulatory network model.
B. Construction of TFs-miRNA gene expression regulatory network
We used the biocomputational platform developed by Acón et al. 2016 [12] to model the TFs-miRNAs gene expression regulatory network. The platform was designed to include data from multiple sources. DNA copy number, RNA gene expression and protein expression data were incorporated from experiments on the NCI60 panel gene. miRNA data from Mirtarbase and MiRBase, and regulation data from Transmir, Pazar, TRED and CircuitsDB was also incorporated by the platform. Using the list of target genes as inputs, the platform identifies TFs and miRNAs that regulate each input, and a model topology is built using these three types of species (target genes, TFs and miRNAs), which are incorporated in a SBML model. A series of parameters are included in the SBML model: for each species synthesis and degradation rates; for miRNAs repression rate; and for TFs activation and repression rates. The SBML model was later imported into COPASI [13] altogether with experimental data of CGH, RNA and miRNA expression.
C. Optimization of the TFs-miRNA gene expression network model
Optimization (fitting) of CDDP-resistant cancer cell lines model was performed utilizing the "Parameter Estimation" function in COPASI [13] . This process calculates parameters using a dataset, which was the experimental data previously obtained by the biocomputational platform [12] . Parameter Estimation process was performed using the method of Hooke and Jeeves, which is a direct search algorithm for the minimum of a nonlinear function without requiring derivatives. It uses a heuristic that suggests a descending direction according to values of the function calculated in a number of previous iterations. The Hooke and Jeeves searches for a local minimum of the objective function.
The adjustable variables in Parameter Estimation process included target genes, transcription factors and miRNAs. Adjustment to the experimental data after the Parameter Estimation process was analyzed using a paired-sample tstudent test in R [14] , where initial concentration for experimental data and model was compared for each species in the 59 experiments (59 cell lines in the NCI60 panel).
D. Determination of modules of correlated genes affected by miRNAs and their gene ontology
Determination of modules correlated genes associated with miRNAs in the model of TFs-miRNA gene expression regulatory network for CDDP-resistant cancer cell lines was performed in two main steps. In the first step, "Steady-State Analysis" function in COPASI [13] was used to determine the stability and the initial concentration values of all the species of the adjusted model. Next, the same Steady-State Analysis function was used in an iterative process for each miRNA: the parameter CGH was set to 0 to simulate the absence of the miRNA of interest in each iteration, and the stability and initial concentration values of all the species were obtained. Finally, the ratio of change log2_change = log2(conc_miR/conc_adj) for each species was calculated, where conc_miR is the concentration of a species in a specific iteration of miRNACgh-change and conc_adj is the concentration of that species in the adjusted model. Subsequently, the ratio of change (log2_change) of all the model species was used to determine the gene regulation modules and their gene product annotation (gene ontology). The R-package WGCNA [15] was implemented to find modules of highly correlated genes. A gene co-expression network finds groups of correlated genes. As such, the measure of correlation is used to quantify gene co-expression. Genes are grouped through hierarchical clustering, and dynamic tree cut function allows module identification and outlier removal, respectively [15] . In this test case, the input data was gene expression profile (ratio of change of all target genes of the model) for n samples (n is the number of iterations of miRNA-CGH-change).
Finally, from DAVID-Bioinformatics Resources 6.8 [16] , the tool Gene Functional Classification was used to determine provide functional annotation of the models.
III. RESULTS
A. The analysis of DNA copy number and transcriptomic information of CDDP-resistant cancer cell lines resulted in 108 target genes for model construction
To obtain the set of target genes for the construction of the gene expression regulatory network, we analyzed the DNA copy number and transcriptomic data from two CDDP-resistant breast cancer cell lines (HC and MD). Our results indicated 108 deregulated target genes (Fig.1) . These candidates were subsequently used to construct the gene expression regulatory network.
B. The model of TFs-miRNA gene expression regulatory network of CDDP-resistant cells constructed consists of 108 target genes, 44 transcription factors and 21 miRNAs
To construct the model of TFs-miRNA gene expression regulatory network of CDDP-resistant cells we used the biocomputational platform [12] and the 108 deregulated genes as inputs. Our model included the following gene species: 108 deregulated target genes (observables), 44 transcription factors and 21 miRNAs, which are represented in a model topology (Fig.2) .
C. The model of TFs-miRNA gene expression regulatory network of CDDP-resistant cells was adjusted to the experimental data of the NCI60 panel after 17796 evaluations of Hooke and Jeeves method
To adjust the generated model of TF-miRNAs gene expression regulatory network with the experimental data of NCI-60 panel, the Parameter Estimation function in COPASI [13] was utilized with the method of Hooke and Jeeves, with Fig.3A) . All the 173 species of the model had nonsignificant differences between the experimental and model initial concentration values (Fig.3B) . Overall, the process of adjustment shows small differences between experimental and modelled initial concentration values for the dependent species (target genes, TFs and miRs) (Fig.3C) .
D. Eleven modules of correlated genes affected by miRNAs are found in the model of gene expression regulatory network by TFs-miRNA of CDDP-resistant cells
To determine the modules correlated genes associated with miRNAs of the model of TFs-miRNAs gene expression regulatory network for CDDP-resistant cancer cell lines, the ratio of change of the concentration of all the species was determined from the Steady-State Analysis in COPASI [13] , where we defined a value of CGH=0 for each miRNA in an iterative manner. Based on these ratios, WGCNA [15] was implemented which resulted in a co-expression network (Fig.4) which corresponded to correlated genes. These modules were then analyzed with functional annotation using DAVIDBioinformatics Resources 6.8 [16] . Eleven modules of correlated genes were found in the model of gene expression regulatory network (Fig.4) and their functional annotation was determined ( Table 1 ). The Steady-State Analysis function is based on the eigenvalues of the Jacobian matrix; all the analysis performed, including the adjusted model and the iterations of miRNA-effect present an asymptotically stable state, with transient states in its vicinity that have oscillatory components. These last results indicate that, after small perturbations in the parameters of each model, the steady-state will be eventually reached.
IV. DISCUSSION
Cisplatin (cis-diammine-dichloro-platinumII-CDDP) is one of the most effective broad-spectrum anticancer drugs [8] . Patients usually have good initial response to the therapy, but eventually the disease relapse due to chemoresistance [8] . The approach presented of this study, based on systems biology, which build a model of TFs-miRNAs gene regulation and weighted gene correlation network analysis WGCNA, for target identification in CDDP-chemoresistant cancer cell lines, may further help understand chemoresistance.
The search of informative genes is a major focus of healthoriented research. The potential discoveries can lead to valuable information that can be used on drug-target research as well as in drug trials. The information generated in studies such as the one presented here can provide valuable insights into the development, prognosis, and treatment response of cancer patients [17] . By focusing on the behavior of common traits of target genes, which is the main purpose constructing networks, is possible to better describe the properties of complex human diseases, such a cancer. Based on this, recent studies have examined the properties of expression profiles through a network perspective, focusing on several cancer types [17] [18] [19] . For example, Chen et al. [18] , using a coexpression approach, identified target genes that could be used as prognostic markers and provide information for the development of treatment targets in gastric cancer. Jin et al. [19] , similarly, identified modules with deregulated pathways for hepatocellular carcinoma. These insights demonstrate the power of the network approach for target gene identification. Our data ( Table 1 ), suggests that it is possible to identify gene modules, comprising correlated genes, and subsequently, using annotation to identify associated function. This provided significant insight about the biological processes and molecular functions that were assigned to each module and demonstrates that an integrative approach based on Systems Biology can further our comprehension on target identification for chemoresistance studies.
Regarding our results of module functional annotation (Table1), regulation of gene expression was associated with seven modules (Blue, Brown, Black, Purple, Red, Turquoise and Yellow), oxygen metabolism and response to hypoxia were associated with one module (Green), apoptotic process and its signaling were associated with two modules (Magenta, Purple), organ development and tissue healing were associated with three modules (Pink, Red, Turquoise), signal transduction pathways were associated with 2 modules (Blue, Yellow) cell proliferation and cell size were associated with two modules (Greenyellow, Pink, Turquoise), and miRNA metabolism was associated with one module (Yellow).
This work is different from previous studies because it describes modules of correlated genes that are directly influenced by miRNAs, which have been reported as master regulators of gene expression. It is possible that, by experimentally altering miRNAs, many deregulated genes may change their expression, and modify cancer cells phenotype. Furthermore, module Turquoise is a relevant result because it contains 80 co-expressed genes in this TFs-miRNAs gene regulatory network, which may have a major role in the CDDP-chemoresistant phenotype. Altogether, these results imply a highly compartmentalized regulatory network of gene expression in CDDP-chemoresistant cancer cell lines. 
Modules of correlated genes
Previous studies have revealed complex and multifactorial changes in CDDP-chemoresistant cancer cell lines, including changes in gene expression patterns, DNA metabolism and miRNA metabolism, among others, as reviewed in [8] . Future experimental research will have to address the exact contribution of the modules of correlated genes described here on CDDP-chemoresistance.
V. CONCLUSIONS
Our Systems Biology integrative approach enabled the construction of a model that represents the gene expression regulatory network of CDDP-chemoresistant cancer cell lines and the functional annotation for modules of correlated genes. We adjusted a SBML model of 108 deregulated target genes, 44 TFs and 21 miRNAs to experimental data from NCI-60 panel. Eleven modules of co-expressed genes associated with miRNA inhibition were determined alongside its functional annotation. Further experimental work is required to confirm therapeutic potential of these miRNA target inhibition for the design of novel therapeutic strategies to overcome CDDPresistance in cancer.
